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Link Structure based Community Detection for Social Network Andlysis and Visualization
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Abstract Community structure is one of main characteristics in order to understand
social networks. Recent studies on the community detection problem have shown the
existence of overlapped communities around real social networks in which some
nodes belong to multiple communities. While existing methods seldom find such
overlapped communities, in this paper, we propose a novel community detection
approach based on the link clustering algorithm. Furthermore, by applying our
proposal to a real social network, we study the principles of the given social network

by means of community structures found.
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Input Social Network G =(V, E}
Output A set of subgraphs {G;, ..., Gy}

Step 1 // Convert G to a ink-node matrix A




for e;;(v;, vj) € G
A(vi,vj) = A(vi,vi) = Weight(e;)

A=AxAT

/] k-means Clustering
Step 2
{Gy, ., Gy, ., G} = k-means(4, 2k)

// Assign nodes to the subgraphs
Step 3 for e;(v;,v;) € Gy

Assign v; and v; fo Gy

/] Merge the subgrophs

/I Sort {Gi,...,Gy} by # of nodes per
subgraph

Step 4 do
for G; € {Gy, ..., Gax}
Merge G; to G; such that G; € G;

until # of subgraphs > k

*V: a set of nodes & E: a set of links
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